Dynamic operating conditions along with contingencies often present formidable challenges to the power engineers. Decisions pertaining to the control strategies taken by the system operators at energy management centre are based on the information about the system's behavior. The application of ANN as a tool for voltage stability assessment is empirical because of its ability to do parallel data processing with high accuracy, fast response, and capability to model dynamic, nonlinear, and noisy data. This paper presents an effective methodology based on Radial Basis Function Neural Network (RBFN) to predict Global Voltage Stability Margin (GVSM), for any unseen loading condition of the system. GVSM is used to assess the overall voltage stability status of the power system. A comparative analysis of different topologies of ANN, namely, Feedforward Backprop (FFBP), Cascade Forward Backprop (CFB), Generalized Regression (GR), Layer Recurrent (LR), Nonlinear Autoregressive Exogenous (NARX), ELMAN Backprop, and Feedforward Distributed Time Delay Network (FFDTDN), is carried out on the basis of capability of the prediction of GVSM. The efficacy of RBFN is better than other networks, which is validated by taking the predictions of GVSM at different levels of Additive White Gaussian Noise (AWGN) in input features. The results obtained from ANNs are validated through the offline Newton Raphson (N-R) method. The proposed methodology is tested over IEEE 14-bus, IEEE 30-bus, and IEEE 118-bus test systems.
Introduction
In recent years, the power system stability issues are prominent and possess more relevance due to a competitive business environment. The existing generation and transmission utilities are working on their operating limits due to exponential increase in the load demand [1] .
The burning issue with the modern power networks is to accommodate an escalating demand without an expansion of the transmission utilities. With this constraint, the voltage stability has emerged as a potential area of research. Two critical findings are carried out through stability studies. The first one is the assessment of the critical point of voltage stability and second area suggests preventive control through load shedding and generator rescheduling. IEEE CIGRE task force committee defined voltage stability as an ability of the power system to maintain acceptable and constant voltage level at all buses in the system under normal conditions and after being subjected to the disturbance [1, 2] . Therefore, voltage stability analysis is necessary to identify the critical buses in a power system.
Voltage collapse is a phenomenon characterized by the gradual decrement in system voltage along with the system operating point. Often, the assessment of the voltage stability is carried out through the calculation of the stability indices [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] . Table 1 shows the comparative study of different indicators along with the limitations.
On the basis of literature survey, it can be concluded that the indicator for voltage stability assessment should possess the following qualities.
(a) There should be a simple correlation between the indicator and the system's controllable parameter.
(b) Corrective measures can be derived from the values of indicator.
With dynamic operating scenario, the prediction of voltage collapse through indicators is a slave of the performance 2 Advances in Electrical Engineering 
Name of indicator Properties of indicator Summary
GVSM [3] , L-index [4] , VCPI [5] , ENVCI [6] , VSI [7] , LCPI [8] Based on Newton Raphson (NR) load flow solution
(1) The line indices are suitable for constant power load. The results may be pessimistic for changed load profile.
(2) The convergence of NR algorithm is affected by the vicinity of voltage collapse point.
References [9, 15] Index based on sensitivity analysis
(1) Sensitive based methods are computationally intensive and required computation of derivatives.
(2) Dynamic operating conditions introduce errors in the calculations of the derivatives. Moreover the correlation between the voltage and reactive power should be continuous in nature.
References [10] [11] [12] [13] [14] These indices are based on static and dynamic bifurcations
(1) Bifurcations can be detected through the calculation of eigenvalues. Eigenvalues are system specific and vulnerable to topological changes.
(2) These indicators cannot be useful for loadability margin evaluation and relative voltage stability determination.
of load flow routine and accuracy of the calculation of derivatives and Jacobian matrices. It is to be noted here that the prediction of the voltage stability under unseen operating condition or contingency cannot be efficiently executed within a safe time limit. Hence, the initiation of any preventive or emergency control strategy is not possible. With the development of the smart grid, efficient technologies are invited by the operators to participate in the process of operation and control of the power system. With this motivation, the paper presents an application of RBFN approach for online monitoring of voltage stability. A network equivalence framework to predict the global scenario of voltage stability is developed by reducing the actual system into an equivalent two-bus system. The GVSM [3] is used for indicating the state of the actual system. All the parameters of the equivalent system are obtained from the load flow solution of the original system. This equivalent system is nothing but a power line having series equivalent impedance with a load at the receiving end, but the sending end voltage is kept at the reference voltage. The concept of single line equivalent is further used to determine the voltage collapse proximity.
In this paper, RBFN network of the ANN family is employed to predict the GVSM for various system operating loading. The proposed online scheme has the ability to get it adapted when subjected to any new and unseen operating condition.
This scheme is validated on standard IEEE 14-bus, 30-bus, and 118-bus power systems. The following are the research objectives of this manuscript:
(a) To present the mathematical framework of GVSM and calculate the GVSM for IEEE 14-bus, 30-bus, and 118-bus test system.
(b) To develop a supervised learning prediction engine with the help of offline simulation results to identify the GVSM for different system operating loading. The remaining part of the paper is presented as follows; in Sections 2 and 3 mathematical work of GVSM is presented. In Section 4, brief details of proposed RBFN are incorporated. In Section 5 simulation results are presented and finally in Section 6 the conclusion and future scope of the work are presented.
Equivalent Two-Bus Pi-Network
The equivalent two-bus pi-network model is developed as follows: Let us assume a two-bus equivalent network in which a generator bus is assumed as a sending end bus and a load bus is assumed as a receiving end bus as shown in Figure 1 . The behavior and properties of the proposed two-bus equivalent model should be the same as the multibus network. Hence, this makes the evaluation of voltage stability possible [3] . Therefore, the power equations for the two-bus equivalent network can be written as
(1)
Applying KCL at node we get S load = P r + jQ r Figure 1 : Two-bus pi-equivalent network.
Similarly at node
where s , r , and s , r are the sending and receiving end voltages and currents; se is the current through series equivalent impedance; shs , shr are the shunt branch currents at sending and receiving end, respectively. After the calculations, we get the equivalent series impedance and equivalent shunt admittance.
This equivalent two-bus pi-network is used for obtaining the GVSM.
Global Voltage Stability Analysis of Multibus Power System
When the two-bus network equivalent to a multibus power system is obtained, the global voltage stability index can be formulated in a straightforward manner from the parameters of the global network as follows.
Here the voltage-current relation in terms of ABCD parameters for pi-equivalent two-bus circuit of the transmission line is given by 
Assume [ = se eq , 2 = sh eq ] .
Let us assume
Solving for the receiving end current:
Complex power of receiving end is given by
Sending end voltage is constant; then the active and reactive power at the receiving end is given by
The Jacobian matrix is given by The determinant of Jacobian matrix is given in
At the critical point of voltage stability, critical voltage index (CVI) is given in
Here cr is the critical value of the receiving end voltage at voltage stability. Low value of cr indicates the system will have better voltage profile along with higher load handling capacity. To maintain global voltage stability, this condition should be satisfied: Δ[ ] = 0. Therefore to secure global voltage stability, the GVSM can be defined as GVSM = Δ[ ], given in (13) . It indicates how far the present operating condition is from global system voltage collapse [3, 16] . Figure 2 shows the flow of algorithm for computation of GVSM and CVI.
RBF Neural Network Architecture
The RBFN is a feedforward neural network, which consists of an input layer, one hidden layer, and one output layer.
The value of neurons of the input layer feeds in the hidden layer, a hidden layer which holds each neuron with radial basis activation function, and an output layer which holds each neuron with a linear activation function. The initiating centre, width for RBF units, and computing weights for connecters are combined to make a learning process for RBF neural network [17] . The idea about RBFN comes out from the theory of function approximation. According to this theory, there are two layers of feedforward network and a set of radial basis functions implemented by hidden node. The Gaussian function is normally used in it. The linear summation function as in a Multilayer Perceptron (MLP) is implemented by the output nodes. The network training is divided into two stages, in the first stage, weights are determined from input to hidden layer, and in the second stage weights are determined from hidden layer to output layer. This makes interpolation very effective. For the training of ANN, the input data sets are generated from offline N-R load flow analysis by varying both real and reactive loads at all the buses randomly of their base case value. In data collection, the input data are divided into three categories, namely, train data, validation data, and test data. NR load flow analysis is conducted at all steps and corresponding GVSM is calculated. The real and reactive power loads on buses are considered as input features for building up the supervised learning models. Total 236 inputs for IEEE 118-bus system, 60 inputs for IEEE 30-bus system, and 28 inputs for IEEE 14-bus system are taken. By NR method GVSM of each line is obtained and the minimum values out of 358 for IEEE 118-bus system, out of 82 for IEEE 30-bus systems, and out of 40 for IEEE 14-bus systems are taken as output. Total 1000 samples are also generated by offline N-R load flow analysis method. 70% data of the samples are used for training, 20% data for validation, and 10% data for testing.
Simulation Results
A computer software programme has been developed in the MATLAB 2015b [18] environment to perform the simulations and run on a Pentium IV CPU, 2.69 GHz, and 1.84 GB RAM computer. To demonstrate the effectiveness of the proposed technique, IEEE 14-bus test system, IEEE 30-bus test system, and IEEE 118-bus test system have been used. IEEE 14-bus system represents a portion of the American Electric Power System which is located in the Midwestern US since February 1962. Basically, this 14-bus system has 14 buses, 5 generators, and 9 load buses. IEEE 30-bus system represents a portion of the American Electric Power System (in the Midwestern US) since December 1961. This system has 30 buses, 6 generators, and 24 load buses. IEEE 118-bus system has 118 buses, 51 generators, and 67 load buses [19]. Case 2. It is medium load (increase of the system operating load by 2.24 p.u. from base case).
Case Study of IEEE 14-Bus Test
Case 3. It is high system operating load (increase of the system operating load by 3.2 p.u. from base case). For Case 1, it is observed that the values of GVSM and CVI predicted by FFBP and RBFN fall in a secure range. In other words, near the base case the value of GVSM is higher for the system and the values of CVIs are lower. These values are validated by the offline N-R method. It is also observed that the prediction accuracy of RBFN is higher than FFBP. In Case 2, a considerable amount of decrease in numerical values of GVSM and increase in the CVI are observed by all prediction methods. For Case 3, after a continuous increase in the system operating load, the system has approached the point of collapse. The values of GVSM possess a decreasing Figure 9 : GVSM for operating Case 1. tend and CVI becomes higher. The prediction capability of all the networks is verified by the offline N-R method. From this analysis, it is concluded that RBFN is a suitable topology to identify the critical buses in IEEE 14-bus test system. Table 2 gives the GVSM at unknown system operating loading incorporating AWGN of different signal-to-noise ratios (SNRs). Presence of AWGN is a close replica of measurement errors and presence of harmonic loads and electronic measurement devices. At SNR 0.5 and 0.05, for unknown loading, the efficacy of RBFN is better than other networks, as can be observed in Table 2 . RBFN and CFB topologies of ANN give the better results. Apart from this, the results from the FFBP networks, GR networks, LR networks, NARX networks, ELMAN, and FFDTD networks are satisfactory.
Case Study of IEEE 30-Bus Test
System. To validate the proposed approach three operating scenarios are considered. Case 3. It is high system operating load (increase of the system operating load by 2.7 p.u. from base case).
Figures 9-13 give the GVSM and CVI for the abovementioned operating cases.
It is observed that the values of GVSM and CVI predicted by FFBP and RBFN fall in a close range and the predictions are validated by the offline N-R method. It is observed that the prediction accuracy of RBFN is higher. For each scenario four intermediate random loading conditions are considered and shown on the -axis of Figures 9-13 . In Case 3, after a continuous increase in the system operating load the system has reached near the point of collapse. The values of GVSM tend to zero NR (0.204596), FFBP (0.279588), and RBFN (0.204486). From this analysis it is concluded that RBFN is a suitable topology to identify the critical buses in IEEE 30-bus test system.
In Table 3 , different unseen operating loading conditions are simulated and it is observed that the value of GVSM given by RBFN is the nearest value of GVSM given by the N-R offline method as compared to other networks. 
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Case Study of IEEE 118-Bus Test
System. To validate the proposed approach three operating scenarios are considered.
Case 1.
It is near the base case (where the load buses are having the nominal values of real and reactive power loading).
Case 2. It is medium load (increase of the system operating load by 0.90 p.u. from base case); that is, it is half of the high system operating loading.
Case 3. It is high system operating load (increase of the system operating load by 1.77 p.u. from base case). Figures 14-18 give the GVSM and CVI for the abovementioned three cases.
As previously observed, the prediction capability of RBFN is better in comparison to FFBP. The same can be verified through the offline NR simulation results. For each scenario four intermediate random loading conditions are considered and shown on the -axis of Figures 14-18 . It is interesting to observe that with the increment of the load, that is, for Case 3, the system has collapsed. Hence, it is giving the negative values of GVSM. Table 4 gives the GVSM at unknown system operating load incorporating normal as well as noisy operating conditions. At SNR 0.5 and 0.05, for unknown loading, the efficacy of RBFN is better than other networks. The increment of the system load in small and equidistant steps makes the value of GVSM lower with every step. Negative values of GVSM are the indication of collapse. The simulation results of the voltage stability analysis using proposed technique give better accuracy and reliability.
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Discussions
(1) It is empirical to judge that the value of CVI is minimum, when + ≈ 0. The value of is one for transmission networks. From this it can be concluded that the minimum value of CVI is equal to 0.5. With the increment in system load, increment in the values of CVI will be observed. For IEEE 14-bus system the CVI observed for Case 3 scenario 4 reached up to 0.66. The high values of CVI are an indication of stress on lines. Similar patterns are observed for IEEE 30-bus and IEEE 118-bus system. Gradual increase in the values of CVI is observed with the increase in operating load.
(2) In case of pi-equivalent models, the variation of CVI is mainly dependent on the values of parameter . The values of " " parameter are system specific and depend on system's parameters (susceptance and impedance). With the change in operating conditions these values are changed. For IEEE 14-bus system, the values of CVIs are around 0.513 near base load, 0.54 near medium load, and 0.65 at heavy loading. Similarly for IEEE 30-bus system, the values of CVIs are 0.51 for nominal loading, 0.53 for medium loading, and 0.584 for heavy loading. For IEEE 118-bus test system the values of CVIs are comparatively high as compared to the small test systems. For high loading (Case 3) system has reached to the point of collapse. Values of CVIs are nearly equal to 1 in this case. After observing these values it can be concluded that point of collapse is dependent on system parameters.
Conclusion
The paper proposes an online assessment of voltage stability for multimachine networks with the application of RBFN. An equivalent two-bus pi-network model is developed for assessment of voltage stability for multibus power systems where series and shunt parameters of transmission lines are lumped separately in the form of series and shunt equivalents. GVSM is used to assess the voltage instability or in other words to assess the proximity of the existing system state from voltage collapse. the following are the major highlights of this work.
(a) GVSM for the given power system networks are calculated to judge the health of the power system. Prediction of GVSM and CVI by different neural network topologies is validated through offline NR method.
(b) The main advantage of the proposed method is that it indicates a good agreement between target data (N-R) and RBFN output. Prediction accuracy of RBFN is best as compared with other topologies of ANN. V o l t a g ea n g l e :
Angle of magnitude of parameter :
Angle of receiving end voltage s Δ[ ]:
Determinant of Jacobian matrix SNR:
Signal-to-noise ratio N-R:
Newton Raphson GVSM:
Global Voltage Stability Margin MLP:
Multilayer Perceptron LM:
Levenberg-Marquardt AWGN:
Additive White Gaussian Noise RBFN:
Radial Basis Function Network FFBP:
Feedforward Backprop CFB:
Cascade Forward Backprop GR:
Generalized Regression LR:
Layer Recurrent FFDTDN: Feedforward Distributed Time Delay
Network.
